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Abstract 
It is necessary to predict wind speed and direction accurately for realizing optimal adjustment of natural ventilation in 
greenhouse climate control. Due to strong randomness of wind direction least squares support vector machine (LS-
SVM) is applied to built a prediction model for a defined prevailing direction of wind for natural ventilation of 
greenhouse. Experiment shows that in 10 min. ahead prediction is satisfying with MAPE is 6.77% and the number of 
data points with APE over 15% is only 5% of total number of predicted samples. For prediction in 20 min. ahead the 
MAPE is 11.83% which is acceptable but the number of the predicted with APE over 15% is 19 .6 % of total number 
of test sample. The proposed model is also compared with the model based on artificial neural network, and the 
comparison results show that the proposed LE-SVM model is better than ANN model in forecasting of prevailing 
wind direction. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of [name organizer] 
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1. Introduction 
Ventilation of agricultural buildings such as greenhouse plays a very important role in the regulation of 
climate and environment. Ventilation drives not only heat and humidity exchange between greenhouse 
and ambient but also contribute to provide fresh air to prevent the lack of carbon dioxide indoor. There 
are several patterns of ventilation in practices nowadays, but the natural ventilation itself are getting more 
and more population in farm due to its low cost and less energy input. However, natural ventilation rate is 
decided by many factors, among them wind speed and wind direction have dominant influences [1~4].
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There are some demanding from farmers for adjusting natural ventilation with changing ambient 
climate automatically which can liberate cost labor in delta Yangzi river region of south China. Before we 
can realized such control technology it is necessary to be able to predict wind speed and direction in 
advance to generate an optimal course of natural ventilation strategy based on real time data on-site.  
Wind speed and wind direction are always changing randomly. Currently the wind speed prediction 
methods are studied intensively by researchers working in wind power field which are Kalman filtering, 
artificial neural networks, fuzzy logic, random time series and support vector machine etc [5,6], but 
literatures on prediction model for wind direction is hard to be found. In this work we applied least square 
support vector machine (LE-SVM) to study the possibility to forecast prevailing wind direction for 
greenhouse ventilation based on climate data on-site.
Nomenclature 
ϕ  ventilation rate, m3 s-1
Aw total greenhouse ventilator opening area, m2
△Ti,e temperature difference between inside and outside, K
a factor for air velocity  
b factor for temperature difference △Ti,e, ms-1K-0.5
u air velocity at opening, ms-1
Dj  prevailing wind direction in jth time interval, degree 
di  wind direction at time i, degree 
w  weight 
2σ   RBF only has one argument 
γ    SVM hyper-parameter 
E    error 
APE  absolute percentage error 
MAPE mean absolute percentage error 
N   sample number in a specific time interval 
2. Prevailing wind direction 
Prevailing wind direction is the most intensive wind direction within a certain time interval. Before a 
definition of prevailing wind direction is given a simple mechanism of natural ventilation described by an 
equation is introduced.  
For a greenhouse with similar area side and roof windows, the ventilation rate can be approximately 
expressed as[7、8]:
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Equ.1 shows that the ventilation rate is composed by two parts, the first one is caused by wind and 
second part by heat buoyancy. If the second is neglected, then ventilation rate is proportional to wind 
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speed u. But here u is the contribution of natural wind speed to the direction of perpendicular to the 
opening.  
Now the measured instant wind speed and direction data are u1, u2, u3,…, un and d1, d2, d3,…, dn. Here 
n is sample number during specific time interval. Then prevailing wind direction is defined as follow:
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 In above equation wi is weight which indicate di’s contribution to prevailing direction. The weight can 
take a variety of selections. If we take weight as 1, then prevailing direction is the simple average of all di.
Here we set the weight to take wind speed value from what we get from Equ.1,  that is wi equal to ui,. 
3. Least squares support vector machine and its application in wind speed forecasting[9]
Support vector machine (SVM) is a new machine learning method based on the statistical theory. The 
input sample space can be mapped to a high dimensional linear feature space by applying non-linear 
kernel function. So SVM can do highly nonlinear classification and regression. It has advantages in 
performances of short time training, better generalization ability etc compared with artificial neural 
network. And Least squares support vector machine is a expansion of standard support vector machine. It  
combines the least-squares linear to support vector machine, applying quadratic programming method to 
solve the problem of function estimation, and the training process of LE-SVM follows the principle of 
minimized structural risk. Because structure parameters in the training process are automatically 
determined with the sample data and change the learning into solving linear equations, there are less 
possibility of over-fitting and local minimum. SVM and LE-SVM are successfully used in wind speed 
forecasting in wind power station and we study in this paper the practicality of wind direction forecasting 
by LS-SVM in the field of natural ventilation in agriculture production.
4. Predicting model for prevailing wind direction based on LE-SVM and ANN 
4.1.  Pre-processing of sample data 
In this paper, the training and prediction of the sample data is accomplished by applying the MATLAB 
(version7.0) toolbox LS-SVMlab1.5.The sample data is divided into input vector matrix {v,d} and 
objective vector matrix {D} ,and they are described as follows: 
u=[u1,u2,u3,…,um] is a  wind speed sequence in a certain period;  
d=[d1,d2,d3,…,dm] is a  wind direction sequence in the same period with u;  
D= [D1,D2,D3,…,Dm] is a prevailing direction sequence in same period with u and d.  
The u, d and D is divided into two group and first group { [u1,u2,u3,…,up], [d1,d2,d3,…,dp]} and 
[D1,D2,D3,…,Dp] are used as the training input and target output in LS_SVM respectively, and the last m-
p points data {[ uP+1,,…,um], [dP+1,,…,dm ], [Dp+1,..,Dm]} is used as the test sample. The predicted results 
of prevailing direction will be compared with [Dp+1,..,Dm] to evaluate the performance of the predicting 
model. Before the training and prediction, the original sample data would be normalized to quicken the 
speed of training and convergence of the model and to increase the prediction accuracy. After finishing 
the prediction of one point of sample data, the measured value of wind speed and direction at this point 
will be taken into the training sample to push the oldest data out and then a new training process is 
Yubing Yang and Yun Zhao / Energy Procedia 16 (2012) 252 – 258 255 Author name / Energy Procedia 00 (2011) 000–000 
repeated. This process is conducted until whole prediction be fulfilled. Artificial neural network is  
trained based on the sample data also, then a comparison between ANN and LE-SVM can be conducted.    
4.2. Results and analysis of prediction based on LS-SVM 
The wind data including speed and direction of 3 days used in predicting analysis is collected in every 
5 min interval from a greenhouse production base. The first 2 days’ 288 measured wind speed and 
direction are used as the training sample, and prevailing direction of the third day in every 10 min. and 20 
min. is predicted. The LS-SVM predicting model is established based on the training sample. The 
prediction results of prevailing are compared with the real value of the prevailing direction. In this paper, 
we choose radial bias function (RBF) as the kernel function of LS-SVM, and its formula is:   
2* 2/* ),( σxxexxK −−=                                                                                                                         (3) 
RBF only has one argument 2σ  which has only a few limitations, so the complexity of model can be 
reduced and the training speed can be enhanced. The optimised kernel parameter 2σ  and SVM hyper-
parameter γ are obtained by cross-validation. In the case of 10 min. prediction, 2σ  is 10 and γ  is 200. In 
the case of 20 min. prediction, 2σ  is 2.5 and γ  is 120. Absolute percentage error (APE) and mean 
absolute percentage error (MAPE) are adopted as the evaluation criterion, their formulas are as follows:
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In these formulas, DR presents the real value of prevailing direction, DP presents the predicted value of 
prevailing direction, and m-p is the total number of predicted sample.  
The predicting results and errors are shown in the Fig.1 and table 1,2. Fig.1 (a) and Fig. 1(c) show the 
predicting results gained by LS-SVM. Fig.1 (b) and Fig. 1(d) show the predicting results gained by 
artificial neural network (ANN). It is very clear that the prediction accuracy of LS-SVM is obviously 
higher than ANN. In prediction based on LS-SVM, the prediction accuracy in 20 min. interval prediction 
is much lower than in 10 min. indicating that it is difficult to carry out a long time forecast of prevailing 
direction. The prediction’s MAPE in 10 min. interval is 6.77% and the number of data points with APE 
over 15% is only 4 (total number of predicted sample is 76). In 20 min interval prediction, MAPE is 
11.83%, the number of data points with APE over 15% is 9 (total number of test sample is 46), and the 
largest APE is 47.9%. 
5. Conclusion 
Compared with wind speed prediction research, short-term prediction of wind direction is still seldom. 
This work builds a prediction model for a defined prevailing direction which can be used to adjust natural 
ventilation by utilizing SVM lab1.5 LS of MATLAB toolbox. This generated model needs wind speed 
and direction as the input and experiment tell us that compared with wind speed the wind direction 
prediction is difficult. In our test the prediction accuracy is satisfying in 10 min. but in 20 min. accuracy 
fell sharply. It is very clear that SVM model perform better than ANN model in prevailing wind direction 
prediction. 
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Fig. 1. (a)the predicting result of 10 min interval by using LS_SVM; (b) the predicting result of 10 min interval by using ANN;(c) 
the predicting result of 20 min interval by using LS_SVM;(d) the predicting result of 20 min interval by using ANN 
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Table1. The prediction error of  10 min.  interval by LS-SVM and ANN 
Time/10min.N
o. 
Prevailing direction 
Real value/Degree 
Prediction based on ANN 
Predicted value/Degree   APE×100% 
Prediction based on LS—SVM 
Predicted value/Degree   APE×100%    
1 57.43 74.63                               0.2305 60.25                               0.0468 
2 64.74 77.44                               0.1640 62.61                               0.0334 
3 75.25 92.68                               0.1880 80.43                               0.0644 
4 64.61 82.44                               0.2163 69.53                               0.0708 
5 69.10 86.57                               0.2018 70.76                               0.0234 
6 69.10 78.12                               0.1154 70.36                               0.0179 
7 72.16 87.37                               0.1741 79.70                               0.0947 
8 71.97 94.69                               0.2399 78.83                               0.0871 
9 66.31 86.74                               0.2356 71.98                               0.0788 
10 54.28 67.87                               0.2002 58.13                               0.0662 
… … …                    … …                    … 
74 201.37 227.31                             0.1141 221.70                             0.0495 
75 229.22 257.23                             0.1089 264.48                             0.1260 
76 215.01 234.25                             0.0821 236.73                             0.0438 
MAPE×100%  0.1314 0.0677 
APE>15%                                       29 4 
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Table2. The prediction error of 20 min. interval  by LS-SVM and ANN 
Time/20min. 
No.
Prevailing direction 
Real value/Degree 
Prediction based on ANN 
Predicted value/Degree   APE×100% 
Prediction based on LS—SVM 
Predicted value/Degree   APE×100%    
1 31.55 42.97                                0.2659 30.92                              0.0204 
2 22.47 38.99                                0.4237 35.30                              0.3635 
3 35.09 41.85                                0.1617 37.08                              0.0539 
4 32.65 28.37                                0.1510 38.53                              0.1525 
5 35.50 28.11                                0.2632 33.04                              0.0745 
6 40.09 12.04                                2.3305 33.73                              0.1887 
7 49.53 42.16                                0.1750 38.80                              0.2764 
8 57.93 34.60                                0.6744 52.69                              0.0994 
9 60.85 78.87                                0.2284 58.76                              0.0355 
10 70.17 84.18                                0.1665 70.66                              0.0070 
… … …           … …                   … 
44 210.29 172.29                              0.2206 183.39                            0.1467 
45 200.64 261.04                              0.2313 216.29                            0.0724 
46 221.93 213.94                              0.0374 260.07                            0.1467 
MAPE×100%  0.2434 0.1183 
APE>15%  30 9 
    
